T ile Centers for Medicare & Medic aid Services (CMS) adopted "all cause unplanned acute care read mission for 30 days post discharge from inpatient rehabilitation facilities (IRFs)" as a quality measure in 2014.1 After an initial reporting period, Medicare pay ments to IRFs will be reduced if their risk-standardized readmission rates are higher than expected. These calculated rates will be used for facility-level com parisons, public reporting, and reim bursement determinations. Risk-adjust ment methods are needed to account for variations in patient case mix across pro viders. Models developed by CMS for risk adjustment at the level of the facility are not intended for use clinically at the indi vidual patient level.
The proposed CMS standardization mod els for IRFs establish 30-day readmission risk for patients at admission based on a limited set of core variables.2 Examples of risk-adjustment variables include demographic characteristics, principal diagnoses and length of stay from the immediately prior acute stay, types of surgery or procedure from the prior acute stay, and number of admissions and comorbidities from all acute stays in the year preceding the IRF admission.
Variables from the subsequent rehabilita tion course (eg, discharge function and length of rehabilitation stay) are not included. Some known readmission risk factors (eg, race/ethnicity and social sup port) are purposely excluded. The goal of risk standardization as a facility-level quality metric is to aid unbiased hospital comparisons. Readmission risk assess ment at the patient level is different. Here, the goal is to help target the deliv er)' of resources and appropriate postdis charge interventions to those patients who could benefit the most.3
Patients who are deconditioned and have medically complex diagnoses have the highest 30-day readmission among the 6 largest rehabilitation impairment catego ries (RICs). 4 Rehabilitation impairment categories are clinically homogeneous diagnosis groupings that represent the primary reason for the rehabilitation stay. Patients in this RIC cover the spec trum of organ systems and medical con ditions.3 In general, they have medically complex conditions and have had pro longed, complicated hospital stays. The resultant debility has been labeled acute "hospital-associated deconditioning, " which involves a distinct pathway of functional decline and decreased inde pendence in activities of daily living. 6 Although generalized deconditioning or complex medical conditions, or both, comprise about 12% of IRF admissions,4 they are not considered 1 of the 13 core diagnostic categories of the Medicare 60% rule. The 60% rule limits the number and types of patients in IRFs who are not within the 13 categories.7 Nevertheless, functional recovery for patients who are deconditioned is similar to that of patients with traditional rehabilitation diagnoses.8 Considering the extent of functional recovery during the rehabili tation stay may help clinicians further stratify these patients based on likeli hood of hospital readmission.
For this research, we studied patients within the CMS RIC that encompasses deconditioning and medically complex diagnoses and identified those at highest risk based on the proposed 30-day readmission risk standardization model. We were interested in answering the follow ing 2 questions: (1) Were there other variables within the full administrative medical record, particularly in regard to physical function, that could help clini cians further discriminate likelihood of readmission within this high-risk group? and (2) Which of these factors should a clinician consider most when determin ing risk of readmission; in other words, what is the predictive hierarchy among risk factors?
Method Data Source and Study Population
Data were extracted from the 100% Medicare files from CMS. Our university has an active data use agreement with CMS. We linked functional status infor mation from the Inpatient Rehabilitation Facility-Patient Assessment Instrument (IRF-PAI) file with claims data in the Medicare Provider Analysis and Review (MedPAR) file for patients discharged from inpatient rehabilitation between January 1, 2010, and November 30, 2011. Prior to selecting the study sample (see below), individual 30-day all-cause unplanned readmission risks were calcu lated for the entire inpatient rehabilita tion population and stratified by quartile; calculations were based on the risk pre diction model in the current CMS Hospital-Wide All-Cause Unplanned Readmission Measure.9 Our target sam ple was Medicare fee-for-service benefi ciaries admitted to rehabilitation for gen eralized deconditioning or complex medical conditions, or both, so we then selected patients in RIC 20u) from the larger population.
The initial RIC 20 sample included 87,577 patients. Exclusion criteria were enrollment in a Medicare Advantage plan (n=10,422; Medicare Advantage plans are not required to submit individual claims to CMS), no acute care hospital stay within 30 days of the acute hospital ization precipitating the IRF admission (n = 3,779), another inpatient rehabilita tion stay within the previous 30 days (n=4,792), admitted for a reason other than initial rehabilitation (n=4,329), length of rehabilitation stay greater than 30 days (n=632), died within 30 days of discharge (n=4,909), and missing data (n= 1,588). The final sample from which those at highest risk for readmission were drawn included 62,426 patients. The total number excluded is less than the sum of the individual exclusion parameters, as some patients met more than one criterion. An unplanned hospital readmission was coded if there was a claim from a short term or critical access hospital within 30 days of rehabilitation discharge. Patients who were unexpectedly readmitted to acute care directly from an IRF were counted as readmissions. Planned read missions were identified using the meth odology described in the Hospital-Wide All-Cause Unplanned Readmission Mea sure.9 Planned readmissions include occurrences such as admission to an acute hospital for scheduled organ trans plant, maintenance chemotherapy, or a procedure scheduled at the time of the index admission. We used the Func tional Independence Measure (FIM)511 admission and discharge m otor function ratings (continuous) for functional sta tus. Function status items are adminis tered by physical therapists or occupa tional therapists at admission and within 36 hours of discharge as part of the IRF-PAI. The m otor function subscale includes 13 activities, such as walking, transferring from bed to chair, bathing, dressing, and toileting. Each m otor item is assigned to 1 of 7 levels of function, ranging from total assistance w ith a helper (level 1) to com plete indepen dence w ith no helper (level 7). The higher the score, the more independent the patient is in performing the task asso ciated w ith that item. The m otor sub scale rating ranges from 13 to 91.
We also created a continuous FIM m otor scale change variable by subtracting admission m otor scale ratings from dis charge motor scale ratings. The minimal clinically important change in the FIM m otor scale score has not been deter mined for patients who are deconditioned and have medically com plex diag noses. Beninato et al,12 however, found a rating of 17 to represent clinically impor tant change for patients w ith stroke undergoing inpatient rehabilitation. The FIM has been widely studied and found to have adequate psychometric properties.13
C lin ic a l v a ria b le s .
Clinical variables studied included length of rehabilitation stay in days (continuous); length of stay of the preceding acute hospitalization in days (continuous), num ber of prior acute hospitalizations in the year preceding the index rehabilitation admission, and w hether the patient was discharged from the IRF against medical advice (yes/no). We included the FIM cognition scale rat ing at admission as an overall measure of cognitive function. The continuous cog nition scale ratings range from 5 to 35 and include com munication and social cognition domains.
C o m o r b id ity tie r.
We used the CMS comorbidity tier system as a measure of com orbid burden. Comorbidity tiers are classified based on their anticipated impact on service utilization and func tional recovery during the inpatient reha bilitation stay. 13 The most costly comorbidities are ranked in 3 cost tiers: tier 1 (highest reim bursement) to tier 3 (low est reimbursement). In 2012, there w ere 8 com orbid conditions in tier 1, 11 in tier 2, and 924 in tier 3. The fourth category is no tier comorbidity (no additional reim bursem ent). 15 An example of a tier 1 comorbidity is dialysis. An example of a tier 3 comorbidity is diabetes. Patients are assigned to the tier w ith the highest level of reim bursem ent if more than one com orbidity is present.
D a ta Analysis
After selection of the target sample (see Data Source and Study Population sec tion), w e stratified patient characteristics and the 30-day readmission outcom e by the original predicted readmission risk quartiles. Patients w ith generalized deconditioning or com plex medical con ditions, or both, have the highest unad justed readmission rates,4 so they are dis proportionately represented in the higher-risk quartiles derived from the com prehensive model. Univariate com parisons among the 4 risk groups w ere perform ed w ith analysis of variance or chi-square tests, as appropriate. Patients in the highest risk quartile w ere then selected and their characteristics strati fied by actual unplanned rehospitaliza tion status (yes/no). Between group dif ferences w ere assessed by t tests or chisquare tests. All subsequent analyses w ere limited to the highest risk quartile group.
Hierarchical generalized linear models w ith a logit link w ere used to re-estimate risks within the preidentified high-risk group using additional dem ographic and clinical variables not included in the provider-level risk standardization model. Hierarchical models allow con trol for the clustering of patients w ithin facilities.9 Three separate models w ere built to com pare the relative effective ness of admission FIM m otor scale rat ings, discharge FIM motor scale ratings, and change in FIM motor scale ratings in predicting 30-day unplanned admission within this high-risk group. Odds ratios (ORs) and 95% confidence intervals (CIs) w ere calculated for 5-point intervals on each of the continuous FIM m otor scale ratings for better clinical interpretation. All 3 models controlled for age, sex, race/ethnicity, prior living situation, prior acute hospitalizations, acute hospi tal length of stay, rehabilitation length of stay, discharged against medical advice, comorbidity tier, and admission FIM cog nition scale rating. The estimates w ere converted to probabilities and plotted by the different m otor scale scores for visual analysis.
Classification and regression tree (CART) analysis16 was used to create a hierarchi cal order among the predictors based on variable im portance in classifying patients w ho w ere readmitted versus w ere not readm itted w ithin 30 days of rehabilitation discharge. In CART analy ses, interactions are evaluated recur sively rather than simultaneously, as in linear regression. This process results in a classification rule and is represented as a tree; it has been show n to be a clini cally useful means of understanding com plex relationships among factors, classi fying patient risk, and developing guidelines in other clinical contexts.17-19 All 10 covariates and the 3 m otor scales w ere entered into the CART model. Lastly, w e com pared calibration and dis crimination characteristics of the 5 dif ferent multivariable models used in our study: the proposed CMS risk standard ization model; the 3 com prehensive models that focused on admission FIM motor scale ratings, discharge FIM motor scale ratings, and change in FIM motor scale ratings; and a final parsimonious model w ith the 3 variables that defined the terminal nodes of the CART analysis. Calibration was assessed by including risk scores from the multivariable models as the only predictor in the 5 separate For risk quartiles, patients in the entire inpatient rehabilitation population were classified into individual 30-day all-cause unplanned readmission risk quartiles based on the risk prediction model in the current Centers for Medicare & Medicaid Services Hospital-Wide All-Cause Unplanned Readmission Measure. Patients in rehabilitation impairment category (RIC) 20 were disproportionately represented in the higher-risk quartiles derived from the comprehensive model because they had the highest readmission risk among all RICs. FIM = Functional Independence Measure. F u n c tio n a n d 3 0 -D a y R e a d m is s io A g e (y ), % < .0 0 1 logistic regression models, w ith 30-day unplanned rehospitalization as the out come. Well-calibrated models should have an intercept (a) close to 0 and a slope Q3) close to l . 20 Discrimination was assessed by calculating areas under the curve (AUCs, or C-statistics) from receiver operating characteristic curves and by stratifying observed 30-day rehos pitalization rates by predicted risk quin tiles from each model. C-statistics can range from 0.5 (no discrimination) to 1.0 (perfect discrimination). 21 The risk quin tiles should show step-wise increases in observed readmission rates, w ith broad discrimination betw een high and low quintiles.
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Results
The demographic and clinical character istics of the target sample (N=62,426) stratified by 30-day readmission risk quartile based are provided in Table I . The quartiles are based on the proposed CMS risk standardization model for the entire inpatient rehabilitation population. Overall, 25.3% of the initial sample were readmitted to an acute care hospital within 30 days of rehabilitation dis charge. The highest risk quartile (n= 25,908) was 8 times larger than the lowest risk quartile (n=3,019); 34% of the patients were readmitted within 30 days in the highest risk quartile versus 9% in the lowest risk quartile.
Three admission diagnoses comprised 87.1% of patients in the high risk quar tile: debility (77.1%), disabling conditions/other (6.4%), and medically com plex conditions/other (3.6%). Table 2 shows their demographic and clinical characteristics stratified by actual read mission status. The patients' mean age was 76.5 years (SD=11.0). Half were men (50.8%), and 80.6% were nonHispanic white. Seventy-one percent were living with someone prior to their acute care hospitalization, and 27.7% lived alone. There was a mean of 3.0 acute hospitalizations (SD=2.0) in the previous year. Mean length of stay for the acute hospitalization preceding the reha bilitation stay was 13.2 days (SD =11.7). The mean rehabilitation length of stay was 13.2 days (SD = 5.2). Sixty-nine per cent of the patients had at least one CMS rehabilitation tier comorbidity. A verv small percentage (0.3%, or approxi mately 777 people) were discharged from rehabilitation against medical advice. The mean admission HIM cogni tion scale rating for the sample was 23.1 (SD=6.7). The mean FIM motor scale ratings were 33 9 (SD=10.4) at admis sion and 56.5 (SD=15.4) at discharge.
The mean changes in FIM motor scale ratings from admission to discharge was 22.6 (SD= 12.9).
Patients who were readmitted did not significantly differ from those who were not readmitted based on sex, prior living Classification and regression tree (CART) analysis showing the predictive hierarchy of factors that best discriminated patients by readmission status. All study variables (see Tab. 2) were included in the CART model. Change in Functional Independence Measure (FIM) motor scale ratings, rehabilitation length of stay, and discharge FIM motor scale ratings were identified as the top 3 measures in terms of importance. Table 3 shows the results of the 3 hier archical logistic regression models for the FIM motor scale ratings (admission, discharge, and admission to discharge change) after adjusting for patient and clinical characteristics. The OR and 95% Cl values are for a 1 -point change in each respective rating. The FIM motor scale rating change had the strongest associa tion (OR=0.958; 95% CI=0.955, 0.960) among the 3 models; the larger the increase in motor ratings from admission to discharge, the lower the odds of read mission. Admission FIM motor scale rat ings had the lowest effect (OR=0.977; 95% 0=0.974, 0.980). Race was no lon ger significantly associated with readmis sion in any of the 3 models. Figure 1 shows the adjusted probabilities for acute readmission calculated from the logistic regression models for each of the 3 FIM motor scale variables.
The CART results are shown in Figure 2 . The tree is read like an algorithm. In order of importance, the best discrimina tors of readmission status were change in FIM motor scale ratings, rehabilitation length of stay, and discharge FIM motor scale rating. The CART procedure also identifies the cut-point within a particu lar predictor variable that best differenti ates patients by readmission status. Among patients with a change rating of 12.5 points or less, 55% were readmitted. Among patients whose motor rating did not improve by at least 12.5 points, reha bilitation length of stay was the next best discriminator; 69% of patients with a rehabilitation stay of less than 9.5 days were readmitted. Among patients with a change in FIM motor scale ratings of 12.5 points or less and rehabilitation stay of 9 5 days or less, discharge FIM motor scale rating was the best predictor; 75% of patients with a discharge FIM motor scale rating of 49.5 or less were readmitted.
Calibration characteristics (a, j8) for the different models were: CMS (a = 0.14, j3=0.77), admission FIM motor scale rat ings (a=0.08, j3=0.93), discharge FIM motor scale ratings (a=0.08, (3=0.93), change in FIM motor scale ratings (a = 0.08, j3=0.94), and CART (a=0.09, j3=0.92). Discrimination characteristics (C-statistics |AUC]) for the different mod els were: CMS (0.58), admission FIM motor scale ratings (0.64), discharge FIM motor scale ratings (0.69), change in FIM motor ratings (0.69), and CART (0.67). The observed 30-day rehospital ization rates in the lowest and highest risk quintiles were: CMS (26.2%-44.8%), admission FIM motor scale ratings (23.4%-54.9%), discharge FIM motorscale ratings (18.5%-6l.4%), change in FIM motor scale ratings (18.0%-6l.5%), and CART (18.4%-57.9%). The 3 vari ables together identified in CART were comparable to the full models across each parameter.
Discussion
For patients at high risk for readmission who are deconditioned and have medi cally complex diagnoses, functional out comes of the rehabilitation stay and the length of stay are potentially important predictors of an acute care readmission. An algorithm using 3 of these variables classified 4 clinical subgroups with read mission probabilities ranging from 34% to 75%.
Our findings underscore a distinction between risk standardization at the hos pital level and risk prediction at the patient level. The approach we used to initially stratify patients by readmission risk was based on the proposed CMS Physical Function and 30-Day Readmission methodology for standardizing patient risk across inpatient rehabilitation hospi tals and units.* 1 2 3 4 5 6 7 8 9 1 0 1 1 * * * * Models designed for these purposes must he deployable in large populations and use reliable data that can be easily obtained. In contrast, risk prediction at the level of the patient attempts to provide a more clinically rel evant stratification and is done in real time. Both methods assume the risk of readmission can be modified by the qual ity and type of care provided.3 The cur rent study provides a methodology for using both approaches to help clinicians identify older patients at highest risk for readmission following inpatient rehabilitation.
Although discharge planning begins early in the rehabilitation stay, clinicians are able to alter plans based on available information. Our findings suggest that for patients in this rehabilitation impair ment category, poor functional improve ment should be considered a "red flag" for early acute readmission. Physical functioning and mobility are a central focus of inpatient rehabilitation for patients who are deconditioned. Func tion is also a recognized global marker of health status in older adults. 22 23 Lack of functional improvement after a recent debilitating acute illness could be an indi cation of a worsening underlying health condition.24 It also elevates the impor tance of the patient's response to reha bilitation over his or her initial admission presentation, as discharge function was a better predictor of readmission than admission function.
Although the impact of length of stay on the functional outcomes was not the focus of this study, we found that shorter stays (r£95 days) were associated with increased risk of readmission. This asso ciation was strongest for patients who showed less than 12.5 points of improve ment on the FIM motor scale. Length of stay for IRFs has declined markedly over the past 15 years.25 Penalties for greater than expected readmission rates and pro posed bundled payment models for clin ically defined episodes of care26 will no doubt increase the importance of length of stay considerations for IRFs.
Our study had several limitations. We were limited to variables for billing and administrative functions, so we did not have information on factors such as health behaviors, nutrition, or education level. This limitation may account for the relatively small differences in C-statistics that we observed across models. There is an underlying assumption in the CMS models that latent discrimination between patients who are readmitted and those who are not readmitted depends more on the quality of care received than on individual patient char acteristics or behaviors.27 Another limi tation is that only patients in the Medi care fee-for-service plan were included in our sample, so findings may not be generalizable to those in Medicare Advan tage plans. Although we accounted for planned readmissions in our outcome, we did not distinguish between poten tially preventable and unpreventable readmissions. In addition, we did not have information on the type or quality of care that patients received following discharge from inpatient rehabilitation regardless of whether they were rehospitalized.
In conclusion, for patients identified as high risk for readmission at IRF admis sion using the proposed CMS risk stan dardization model, patient-level factors related to the rehabilitation stay could help target the delivery of resource intensive interventions. Applying an algorithm of 3 variables, the probability of readmission increased from 34% to 75%. How much the patient improved in functioning, length of rehabilitation stay, and function at discharge, together, are potentially important predictors of an early acute readmission. Further research is needed to validate these findings. Addi tional research also is warranted on the use of this methodology with different impairment categories (eg, stroke, hip fracture) and other important variables and outcomes, such as measure of care coordination and discharge destination. 
